Studying storage metabolism during feast-famine cycles of activated sludge treatment systems provides profound insight in terms of both operational issues (e.g., foaming and bulking) and process optimization for the production of value added by-products (e.g., bioplastics). We examined the storage metabolism (including poly-β-hydroxybutyrate [PHB], glycogen, and triacylglycerols [TAGs]) during feast-famine cycles using two genome-scale metabolic models: Rhodococcus jostii RHA1 (iMT1174) and Escherichia coli K-12 (iAF1260) for growth on glucose, acetate, and succinate. The goal was to develop the proper objective function (OF) for the prediction of the main storage compound produced in activated sludge for given feast-famine cycle conditions. For the flux balance analysis, combinations of three OFs were tested. For all of them, the main OF was to maximize growth rates.
INTRODUCTION
Storage metabolism plays a key role in maintaining stable operation of activated sludge treatment systems as it is partly linked to bulking and foaming problems (Martins et al. ) . Under the well-described feast-famine cycles in these systems, many bacterial species produce storage compounds (including polyhydroxyalkanoates [PHAs] , glycogen, and triacylglycerols [TAGs] ) that serve as intracellular carbon and energy reserves (van Loosdrecht et al. ) . Since storage compounds are also biomaterial and biofuel precursors (e.g., bioplastics and biodiesel), wastewater treatment systems also offer the possibility of becoming biomaterial recovery technologies, a focus of active research in the last few years (Kleerebezem & van Loosdrecht ) . However, predicting and optimizing the production of these compounds remain elusive and a matter of experimental trial and error.
In the last decade, the genome of several bacterial species was published, and for a number of these datasets, the cellular stoichiometry was compiled from the genome annotation and simulated; this process is called genomescale metabolic modeling and flux balance analysis (FBA). Basically, FBA solves the underdetermined mass balance model for unknown reaction fluxes by optimizing a metabolic objective function (OF) subject to constraints at a given steady-state condition. We propose that this is a promising approach to predict and optimize storage compound production in activated sludge. At the center of this approach, it is assumed that the specific substrates and feeding conditions will generate specific environmental niches characterized by the accumulation of a single specific storage compound as the literature suggests for acetate and glucose (Beun et al. ; Dircks et al. ) . Without speculating on the species that will occupy these niches, we suggest that we could compare the results from the genome-scale models of several organisms to obtain valid predictions on the heterotrophic metabolism to emerge in a niche from mixed ordinary heterotrophs. Therefore, FBA could serve as a potential screening tool to evaluate production of valueadded by-products by various wastewaters after a determination of the main compounds contributing to the chemical oxygen demand (COD) load (e.g., slaughterhouse and/or pulp-and-paper effluent). The development of such systems for carbon recovery from wastewater enhances plant sustainability both from environmental and economic points of view.
As a first attempt to this approach, we examined the predicted storage metabolism during the feast-famine cycle using two genome-scale metabolic models: Rhodococcus jostii RHA1 (model iMT1174) (Tajparast and Frigon in preparation) and Escherichia coli K-12 (model iAF1260) (Feist et al. ) . The choice of an OF is central to FBA, and three combinations were tested. (1) The well-known optimization of the growth rate (Feist & Palsson ) was applied alone to both the feast and famine phases simulated independently.
(2) In conjunction with growth rate maximization, minimization of the total metabolic fluxes (Holzhutter ) in both phases independently (i.e., continuous maximal cellular efficiency) was applied as a sub-OF. (3) Also in conjunction with growth rate maximization, minimization of the flux differences between feast and famine growth (i.e., minimization of metabolic adjustments, MoMA) (Segre et al. ) was used as another sub-OF. Simulation results were then compared with experimental observations of acetate (Beun et al. ) , glucose (Dircks et al. ) , and succinate (this study).
MATERIALS AND METHODS

Genome-scale metabolic models and flux balance analysis
Two genome-scale metabolic models were used: R. jostii RHA1 (iMT1174) (Tajparast and Frigon in preparation) and E. coli K-12 (iAF1260) (Feist et al. ) . The E. coli K-12 model was modified to include the storage pathways of poly-β-hydroxybutyrate (PHB) and TAG. The FBA study tested maximization of growth rates as the main OF alone or in conjunction with two sub-OFs: minimization of metabolic fluxes (Holzhutter ) and MoMA (Segre et al. ) . Basically, the model was studied quantitatively by setting up a series of mass balances around each metabolite that can be expressed in matrix notation as: dx/dt ¼ S·V where x is the (m × 1) vector of the concentrations of the balanced metabolites (i.e., intracellular and macromolecular compounds), V denotes the (n × 1) vector of metabolic fluxes, and S stands for the m × n stoichiometric matrix. The model is then solved by assuming that the cellular network is at steady-state, which simplifies the previous equation to Consequently, the output of the model is a distribution of metabolic fluxes through the various chemical reactions (note that the kinetics is not modeled). Since the number of fluxes normally exceeds the number of metabolites (n > m), the problem is said to be underdetermined. In this case, there is a solution space for the fluxes that can be studied by optimizing proper OFs subject to defined constraints (the mass balance equations as the physicochemical constraints and the inequalities as the enzymatic capacity of the biochemical reactions) (Becker et al. ) . Simulations were conducted using the COBRA toolbox of MATLAB (Becker et al. ) .
Simulating the continuity between the feast and famine phases of a cycle, we needed to conceptualize a simplified scenario. We simulated the two phases of growth independently (except when the MoMA OF was applied). Following experimental observations, we considered that the feast phase lasted only 1.25% for glucose (Dircks et al. ) , 5.83% for acetate (Beun et al. ) , and 15% for succinate (experiments conducted in this study) of the cycle time and was characterized by a single flux distribution. Finally, the mass balance on the storage compound simulated was constrained by equating the storage synthesis rate in the feast phase and the storage consumption rate in the famine phase weighted according to their respective proportion of the cycle. The simulated growth rates or specific fluxes are the weighted averages of those of the feast and famine phases. Note that storage metabolism was simulated one at a time; that is, at a given storage condition, synthesis flux of a given storage compound was fixed, while the synthesis fluxes of the other storage pools were set to zero in the feast phase; moreover, storage compounds were excluded from biomass and treated as virtual extracellular compounds.
Laboratory-scale activated sludge reactor fed succinate
Reactor operation
An Infors-HT model Labfors 2 laboratory-scale reactor with a 2-L working volume vessel was used. The system was equipped with temperature, dissolved oxygen (DO), pH, and level sensors. Stirring (300 rpm), temperature (set at 20 W C), pH (set at 7, controlled by adding 1 M NaOH or 1 M H 2 SO 4 ), aeration airflow (1.5 L/min), feed and dilution water additions, and solids and effluent withdrawals were automatically controlled using the Iris software (v.5; Infors-HT, Switzerland). The reactor was operated in sequencing batch reactor (SBR) mode with a hydraulic residence time of 12 h and a solid residence time (SRT) of 1.5 d. The reactor was inoculated with mixed liquor suspended solids from a nearby full-scale conventional activated sludge plant. Continuous operation of the SBR was based on an 8-h cycle with the following phases: 11 min start period, 14.58 min dilution water addition (1.29 L), 4 min feed addition (36 mL), 404.74 min reaction, 4.85 min excess solids withdrawal to maintain SRT, 31 min settling, and 9.83 min effluent removal. The steady-state operation of the SBR was achieved when, for at least five cycles, the length of the feast period as determined by the DO concentration time profile was invariant. The medium composition (after combination of feed and dilution water) was similar to previous studies (Beun et al. ) : succinic acid (3.6 mM, equivalent to 400 mg-COD/L), NH 4 Cl (2.00 mM), KH 2 PO 4 (1.65 mM), MgSO 4 · 7H 2 O (0.37 mM), KCl (0.50 mM), and trace element solution (Vishniac & Santer ) (1 mL/L). Allylthiourea (10 mg/L) was added to inhibit nitrification.
Biochemical analysis
At steady-state, oxygen and CO 2 concentrations in the off-gas were monitored using a multi-gas meter (model ATX620, Industrial Scientific Corporation). Several samples were taken during a cycle to determine biochemical constituents according to previously published protocols: total and volatile suspended solids (TSS/VSS) ( 
RESULTS AND DISCUSSION
Genome-scale flux balance analysis
The development of the modeling approach focused first on determining the procedure to simulate the feast and famine phases of a culture. The approach suggested in previous lumped-reaction metabolic modeling exercises was followed, in which the feast and famine phases were analyzed independently (Beun et al. ; Dircks et al. ) . Within this context, the total growth rate (equal to 1/SRT) was the sum of the growth rates calculated in both phases weighted by the proportion of the length of each phase, and a single metabolic condition was assumed to take place in each phase (i.e., a single flux profile occurs in each phase). Because the approach does not consider the dynamic conditions occurring in the reactor at this point, it was necessary to assume a proportion of the cycle for each phase. Depending on the carbon source, different time ratios of the feast phase (t Feast /t Cycle ) were applied in the simulation studies, such as glucose 1.25%, acetate 5.83%, and succinate 15%. These were similar to the experimentally observed t Feast /t Cycle ratios: acetate 3.33-5.83% (Beun et al. ), glucose 0.83-1.25% (Dircks et al. ) , and succinate 15.10% (below). Note that we presented the simulation results at a constant growth rate depending on the substrate examined according to the experimentally observed overall feast-famine growth rates as follows: glucose 0.2844 d À1 , acetate 0.2691 d À1 , and succinate 0.7600 d À1 (Figures 1 and 2) . With these assumptions, the space of possible storage fluxes was systematically investigated for the two metabolic models and the three substrates by setting substrate uptake rates and storage fluxes (i.e., non-zero for a given storage pool and zero for the two others). For a constant substrate uptake rate, only a subset of storage fluxes were possible for positive growth to occur in both phases (Figures 1 and 2) ; below the minimum storage flux, positive growth would not occur in the famine phase, The substrate examined is succinate. Note that the maximum capacity of all fluxes of the biochemical network is set unbounded; the applied tFeast/tCycle ratio is 15%. Note that the xand y-axes do not start at zero; however, the y-axis ranges are the same for a given objective function. rates 0.2844 and 0.2691 d À1 are adapted, respectively. Note that the maximum capacity of all fluxes of the biochemical network is set unbounded; the applied t Feast /t Cycle ratios are: glucose 1.25% and acetate 5.83%, which gave rise to different growth rate intervals. Note that the xand y-axes do not start at zero; however, the y-axis ranges are the same for a given objective function.
studied here. Finally, note also that the range of possible storage fluxes (x-axis) was different on the various substratestorage cases, and it was dependent on the substrate, storage, metabolic model, and maintenance energy values (as presented in Figures 1, 2, and 3) . For instance, the range for TAG was very small because of the loss of carbon during the feast phase due to the degree of reduction of this storage compound compared to the substrates investigated. Thus, we did not see any TAG accumulation for growth on acetate in the case of R. jostii model and the maintenance energy values presented (Figure 1(b), (d) , (f)).
Model simulations showed a decrease in the biomass yield with increase in storage flux (Figure 1(a) , (b)), Figure 2 (a), (b), Figure 3(a), (b) ). This decrease corresponds to the increasing cost for the conversion of substrate to storage before conversion to biomass. Simulation results for glucose and acetate obtained with the R. jostii or the E. coli models showed similar trends; thus, only the results for the R. jostii model are presented (Figure 1) . Irrespective of the OF and the models used, the metabolic simulations showed that PHB accumulation optimized the OFs with acetate as substrate for both modeled ordinary heterotrophs, while accumulation of glycogen optimized them with glucose ( Figure 1) .
It is interesting to note that the models predicted well the higher biomass yield on glucose compared to acetate, which is due to the higher energy available for growth on glucose over acetate. Note that the full oxidation of 1 electron equivalent of glucose and acetate releases 41.35 and 27.40 kJ, respectively.
The case is different with succinate as substrate. The predicted associations were the same for all OFs when the R. jostii model was used: PHB accumulation optimized the OFs over the range of possible storage fluxes (Figure 2(a) , (c), (e)). That is, the yields were highest (Figure 2(a) ), and the sum of fluxes (Figure 2(c) ) or the feast-famine MoMAs (Figure 2(e) ) were lowest with PHB accumulation for R. jostii model simulations. However, in the case of the E. coli model, glycogen was the storage compound that optimized the OFs on succinate (Figure 2(b), (d), (f) ) for all OFs examined. That is, glycogen accumulation tended to maximize the E. coli yield on succinate (Figure 2(b) ), and minimize both the total metabolic fluxes (Figure 2(d) ) and MoMA (Figure 2(f) ). Thus, the two metabolic models had different predictions for succinate as substrate. These results could be due to either (1) differences in biomass compositions between the models (R. jostii contains a lot more lipids than E. coli due to the presence of mycolic acids) or (2) differences in the metabolic structure (i.e., the reactions present and their connections). To test the first possibility, the biomass compositions of R. jostii RHA1 and E. coli were switched between models in order to see any effect on storage accumulation on succinate as the sole carbon source. Simulation results with respect to the order of the OF values remained the same as previously (data not shown, yet similar to Figure 2 ). Therefore, we conclude from these simulations that the optimal storage compound for each of these two organisms is mainly due to the structure of their metabolic network.
It should be noted that the non-growth associated maintenance energy (NGAME) was set to 0.5 mmol/(g-DW·h) for all simulation results presented (Figures 1 and 2) . A number of simulations at which the NGAME was set to 2 mmol/(g-DW·h) were conducted in order to elucidate its effect on the predictions. The R. jostii model showed accumulation of TAG for this elevated maintenance energy (Figure 3(a) ) as opposed to those simulated at the NGAME of 0.5 mmol/(g-DW·h) (Figure 2(a) ). Similarly for the E. coli model, the window of possible glycogen fluxes, which was very small at a low NGAME value (Figure 2(b) ), was extended at higher NGAME values (Figure 3(b) ). Despite the changes in the window of possible storage compound fluxes, the metabolic values of the storage compounds (i.e., order of OF values) stayed identical with all applied NGAME values. That is, the R. jostii model and the E. coli model predicted accumulation of PHB and glycogen on succinate, respectively.
Laboratory-scale activated sludge reactor fed succinate
The ambiguity in the predictions on succinate is interesting because it can serve to evaluate the validity of the The substrate examined is succinate. Note that the maximum capacity of all fluxes of the biochemical network is set unbounded and the non-growth associated maintenance energy is 2 mmol/(g-DW·h); the applied t Feast /t Cycle ratio is 15%. Note that the xand y-axes do not start at zero. approach and eventually improve it. We experimentally observed the dynamics of the storage pools and other mixed liquor constituents during the feast-famine growth cycles of activated sludge on succinate as the sole carbon source (Figure 4) . The soluble COD curve showed that the feast phase lasted about 72.5 min, corresponding to t Feast /t Cycle ¼ 15.10%. While our analytical techniques detected the presence of both PHB and glycogen in the mixed liquor, the higher dynamics of PHB suggest that it is the main storage compound (Figure 4(b) ). It is also possible that biomass components other than glycogen contribute to the glucose level measured in the solids. Table 1 shows the comparison between predictions by the three OFs obtained for the two models and the experimental observations for a single storage compound accumulated during the feast-famine cycle growth on a sole substrate. The three substrates simulated in this study were glucose, acetate, and succinate. The composition of the storage pool was experimentally observed for the first two substrates in the previous studies (Beun et al. ; Dircks et al. ) , and the experiments for succinate were conducted here. All (sub-)OFs predicted identical substrate-storage associations for the feast-famine growth of both models on a given substrate when glucose and acetate were set as sole carbon sources (i.e., glucose-glycogen and acetate-PHB), in agreement with experimental observations. However, in the case of succinate the predictions depended on the network structure of the metabolic models such that the E. coli model predicted glycogen accumulation and the R. jostii model predicted PHB accumulation on succinate. According to our experimental observations, PHB showed higher dynamics as compared to glycogen during an activated sludge feast-famine growth cycle on succinate. This result points to the need to obtain further insights on the links between bacterial physiology and population ecology in order to properly predict the metabolisms likely to emerge in niches of activated sludge microbial communities. The partial success in predicting the storage compounds accumulated on acetate, glucose, and succinate is encouraging. We believe that the development of this approach will help guide the optimization of the production of storage compounds as valuable by-products of wastewater treatment.
Comparison between flux balance analysis predictions and experimental observations
CONCLUSION
The genome-scale metabolic modeling framework explicitly interprets genomic information in terms of rates and yields. This modeling approach can be potentially applied in various biological wastewater treatment systems such as carbon removal, enhanced biological phosphorus removal and nitrogen removal. As one application, we showed in this paper how one could use the information from several species to infer the metabolism of heterotrophic bacteria in activated sludge microbial communities and predict the accumulation of storage compounds. We propose that this is a promising approach to predict and optimize biological processes even in mixed culture. For example, it could act as a screening tool to evaluate the potential of storage compound production by various wastewaters after a determination of the main compounds contributing to the COD load (e.g., slaughterhouse and/or pulp-and-paper effluent). Once fully developed, this modeling approach may become an additional tool for the developers of new wastewater treatment technologies like the ones focussing on the production of valuable biomaterials.
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